A method for the detection of juxta-pleural lung nodules with radius ≤ 5mm in chest computed tomography images is proposed. The lung volume is segmented using region-growing and refined with morphological operations and active contours to include juxta-pleural nodules. Nodule candidates are searched slice-wise inside the lung volume segmentation. Solid nodules are detected by selecting an appropriate threshold inside a representative sliding window. Sub-solid and non-solid nodules are enhanced with a multiscale Laplacian-of-Gaussian filtering prior to their detection. Obvious non-nodule candidates, namely small blood vessels, are discarded using fixed rules. Then, a support vector machine with radial basis function is trained with the remaining candidates to further reduce the number of false positives (FPs). The final system sensitivity is 57.4% with 4 FPs/scan.The performance is similar or better than state-of-the-art methods, especially when considering the high number and small radius of the studied juxta-pleural nodules.
INTRODUCTION
Lung cancer is the most lethal type of cancer.
1, 2 Screening and preliminary diagnosis is commonly performed by visual detection of lung nodules using computed tomography (CT) chest images. 3 However, fatigue and distraction errors, together with lack of experience and limitations of the visual system hinder the nodule detection by physicians. Computer-aided detection (CADe) systems can reduce the workload of specialists in terms of screening and provide a second opinion, thus contributing to improve the diagnosis success rate.
Lung nodules can be classified according to their 1) radius (r) as small if r ≤ 5mm or large otherwise, 2) texture as solid, sub-solid and non-solid, with progressively less defined boundaries and contrast with the lung parenchyma and 3) location as juxta-vascular when attached to blood vessels, peri-fissural when they are near fissures, juxta-pleural when they are attached to the pleura or, by exclusion, isolated 4 . Fig. 1 shows examples of different lung nodule types. Juxta-pleural nodules can either be rounded structures attached by a tail to the pleura or elongated when in contact with the membrane. From the different nodule types, small and juxta-pleural nodules are the most challenging to detect automatically due to their shape variability, size and location. 4, 5 CADe systems dedicated to specific nodule types tend to outperform global approaches. 4 However, few works address juxta-pleural lung nodule detection. Due to their location, the common approach is to study the topography of the pleural-wall to detect irregularities. For instance, Retico et al.
7 studied the concentration of intercepting surface normals in a triangular mesh of the pleura. Regions with high concentration are considered as candidates, which are then classified using a supervised learning approach. The performance of the method proved to be sensitive to irregularities of the pleural surface. De Nunzio et al.
8 used α-hulls, a generalization of the convex-hull method, for searching concavities in the lung volume segmentation by adjusting the parameter α to the nodule radii. Tailed juxta-pleural nodules are not detected because they do not cause a significant concavity in the pleura. Both methods only consider solid nodules. The nonexistence of location-wise characterization in reported their performance for solid/sub-solid juxta-pleural lung nodules. There, a nodule is juxta-pleural if at least 1 voxel is included in a 5-layer erosion of the lung volume segmentation. Candidates are detected via 4 class vector quantization. Then, false-positive reduction is performed via fixed rules and supervised learning.
Contributions
A method dedicated to the detection of small juxta-pleural lung nodules in CT images is proposed. The approach explores the natural roundness of the nodules and their contrast with the lung parenchyma. Unlike other methods, all solid, sub-solid and non-solid nodules are considered.
METHODS
A dedicated method for the detection of small juxta-pleural nodules in chest CT is presented (see Fig. 2 ). The approach is mainly composed of three processing blocks 1) lung volume segmentation, 2) candidate detection and 3) false positive reduction. The method is developed using the LIDC-IDRI 6 dataset. This dataset has 1012 CT cases and over 2500 nodules with r > 1.5mm and nodule location-based characterization is not provided.
First, an intensity-based lung volume segmentation is performed. The mask is refined to include juxta-pleural nodules. The juxta-pleural ground-truth is obtained from this segmentation. Then, lung nodule candidates are searched inside the lung volume segmentation. Solid nodules are detected via direct threshold over a sliding window while sub-solid and non-solid nodules are enhanced with a multi-scale Laplacian-of-Gaussian filtering prior to their detection. Slice-wise candidates are combined into 3D candidates. Finally, the resulting false positives (FPs) are reduced with fixed rules and a support vector machine. 
Juxta-pleural dataset

Lung volume segmentation
The initial lung volume segmentation is performed as described in Novo et al. 10 and then refined slice-wise using Chan-Vese active contours.
11 First, a seed point in the non-parenchymal lung tissue is automatically selected for intensity-based region-growing. The resulting mask is inverted to obtain the segmentation of the lung volume. Slices where the two lungs are connected are solved by iterative erosions until two connected components are obtained. Then, a parenchymal region-growing is applied to obtain the original segmentation. Juxta-pleural nodules are included by performing a 2D morphological closing operation with a large diameter disk. The segmentation is refined using active contours to compensate local imperfections caused by the closing operation:
where C is the segmentation curve, c 1 and c 2 are the average inside and outside intensities, respectively, of image u 0 and µ ≥ 0, v ≥ 0, λ 1 > 0, λ 2 > 0 are fixed parameters that affect the evolution of the curve on each iteration. Namely, in our application, high contour smoothing µ is preferable since it increases nodule inclusion in the lung volume by rectifying deformations on the segmentation.
Dataset of juxta-pleural lung nodules
The selection of the ground-truth's juxta-pleural lung nodules considers the lung volume segmentation to identify the pleural region. The ground-truth is the reunion of the specialists segmentation. Initially, a nodule is considered juxta-pleural if at least 1 voxel has a distance from the pleural wall of < 1.5mm. For this purpose, the boundary of the lung volume segmentation is dilated with a disk of radius 1.5mm, corresponding to the smallest nodule of the dataset, and the intersection with the ground-truth is analyzed. The dataset is then manually revised to exclude all nodules that never contact with the pleura. Representative examples of juxtapleural lung nodules of different radii are shown in Fig. 3. 
Candidate detection
Nodule candidate search is performed inside the segmented lung volume. The proposed approach aims at exploiting both the contrast between the nodules and the surrounding lung parechyma and the natural roundness of nodules. The first is of interest for solid nodules and the second for sub-solid/non-solid nodules. Solid candidates are searched slice-wise inside a fixed width sliding window with stride 1. The window allows to have samples from both parenchymal and non-parenchymal tissue, easing the threshold. The contrast inside each square region is saturated at 1% of the minimum and maximum values to reduce the presence of small blood vessels and other noise. The candidate is then detected by selecting an appropriate threshold using the Otsu's method. 12 The detection of all windows is combined using the OR logical operation.
Sub-solid and non-solid nodules, unlike solid nodules, have low intensity contrast with the lung parenchyma. Slice-wise multi-scale Laplacian-of-Gaussian (LoG) filtering is first performed. Filters are not normalized by the kernels standard deviation prior to the enhancement, heavily prioritizing small structures. This reduces the connection of the nodule candidates with other structures such as blood vessels, but also negatively affects the quality of the segmentation. Finally, the maximum response of all filters is combined and an appropriate threshold value using Otsu's method is selected slice-wise. Examples of the detection steps are shown in Fig. 4 . The lists of the 3D connected components corresponding to both solid and sub-solid/non-solid nodules are combined to produce a final candidate list.
False positive reduction
The proposed candidate detection method produces a high number of false positives, which correspond mainly to small blood vessels along the lung parenchyma. The most obvious non-nodules are removed with fixed rules. Candidates with equivalent r > 6mm and with a distance greater than 6mm to the pleura wall are removed. Likewise, all candidates with r < 1.5mm, corresponding to the smallest nodule in the LIDC-IDRI, are disregarded. Then, a support-vector machine with radial-basis-function kernel (SVM-rbf) is trained with features extracted from the remaining candidates. The features used to train the classifier are related to intensity, Hessian values, gradient, geometry and distance to the pleura. Intensity, Hessian and gradient-related features are collected inside the candidate volume and on the outside neighborhood.
RESULTS AND DISCUSSION
The method is evaluated on 729 scans of the LIDC-IDRI dataset. The remaining 283 scans were not tested due to file reading problems. From these, 315 scans contain juxta-pleural nodules with r ≤ 5mm, corresponding to a total of 510 nodules. Approximately 80% of these nodules have solid texture and the remaining 20% are equally divided in sub-solid and non-solid nodules. Solid candidates are searched inside a 30 × 30mm sliding window. This window dimensions guarantee a good representation of both parenchymal and non-parenchymal tissue. For sub-solid and non-solid nodules the standard deviation values of the LoG filters are set to {1,1.5,2} voxels, roughly corresponding to the range of radii 1.5 ≤ r ≤ 5 in study.
Candidates are considered detected (true positive, TP) if at least 1 voxel intersects with the ground-truth. The initial candidate detection method has an overall sensitivity of 92%. The majority of the failed nodules are non-solid, which is to be expected because of the lack of contrast with the lung parenchyma. In the first stage, an average of 3450 ± 2720 FPs/scan is detected. FPs correspond mainly to blood vessels and other bright large structures to be eliminated in the FP reduction step. Detection examples are shown in Fig. 5 .
The average Dice coefficient between the detected volume and the ground-truth is 0.22 ± 0.14. Visual analysis of the candidates, as depicted in Fig. 6 , shows that solid nodules are properly detected and that the Dice coefficient is affected by displacements of the ground-truth. However, the same does not happen to sub-solid and non-solid nodules (Fig. 4f and Fig. 5c ). The poor volume detection is the result of the prioritization of the smallest structures during the enhancement step. Increasing the influence of the larger filters would improve the detection. However, due to their near-pleural location, candidates would easily attach to other structures, such as blood vessels, which would further reduce the system's performance during the FP reduction step.
The FP reduction step is divided in fixed rules and supervised learning. After the fixed rule reduction step, the number of FP drops to 95.5 ± 52.1 FPs/scan, with a corresponding sensitivity of 72.5%. Eliminated nodules correspond to those attached to larger structures and specially to under-segmented nodules. Despite this, using fixed rules is an efficient method to reduce the number of candidates. In our approach, the reduction rules are based exclusively on the nodule radii. On the other hand, in the work of Han et al.,
9 several other rules biased by the method's performance and dataset are considered. In this aspect, the proposed approach is more flexible because it relies less on apriori knowledge. The remaining candidates are used for training a SVM-rbf classifier. The SVM hyper-parameters are obtained via exhaustive search. The classifier is trained using 2-fold scan-wise cross validation repeated 50× with random sets. The classifier has an Area Under the Curve (AUC) of 0.95 ± 0.01, which is similar or better than other state-of-the-art methods. The performance of the system is evaluated in terms of 1) sensitivity vs FPs and 2) the average sensitivity at 2 −3....3 FPs/scan 4 (score). The results of different state-of-the-art methods are presented in Table 1 . Note that the lack of a proper dataset hinders the direct and objective comparison between the methods and thus only a semi-quantitative analysis can be performed. Both evaluation metrics indicate that our approach has similar or better performance than other works, especially when considering the large number of scans and the small radius of the nodules in study. For instance, methods C and H mainly consider solid nodules with r > 5mm. Higher nodule radii and high contrast with the lung parenchyma tend to increase the methods overall performance since these nodules are easier to detect. 5 On the other hand, our method detects small nodules of all textures. This may prove to be of higher interest for a second opinion clinical system because sub-solid, and specially non-solid nodules, are more subtle and thus harder to manually detect by the specialists. Furthermore, method H is evaluated on a much smaller and less representative than the LIDC-IDRI dataset. Despite that, we achieve a score of 0.39 considering more complex cases, increasing to 0.42 if only solid nodules are considered. Method C has the highest overall sensitivity. However, they consider juxta-pleurals nodules any abnormality inside a 5-layer erosion of the lung volume. Consequently, their dataset may include nodules that never contact with the pleural wall. The authors also do not state the radii distribution of the juxta-pleural nodules. The possible introduction of isolated nodules, generically easier to detect, and the higher radius range of the nodules in study contribute to the performance gap between the methods.
CONCLUSION
A method for the detection of small juxta-pleural nodules in computed tomography images is presented. Solid nodule candidates are searched slice-wise by selecting an appropriate threshold inside a sliding window, exploiting high contrast with the lung parenchyma. The more subtle nodules, sub-solid and non-solid, are enhanced with Laplacian-of-Guassian filtering prior to detection. The initial candidate detection step is capable of retaining the majority of the nodules. A proper lung volume segmentation allows the application of fixed rules exclusively dependent on the nodule radii in study. Afterwards, supervised learning allows the proposed system to achieve similar or better performance than state-of-the-art methods, specially when considering both the number of cases studied and the small radii of the nodules to be detected.
Future improvements included a better segmentation of the candidates to further improve the sensitivity of the system after the false-positive reduction steps. Despite this, the good performance of system and its simple design make our method a viable sub-block of a computer-aided lung nodule detection system.
